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Introduction 
The relationship between the intelligence and brain morphology is warmly concerned in cognitive 
field. General intelligence can be defined as the weighted sum of fluid and crystallized intelligence. 
Fluid abilities depend on genes and genes expression and less depend on experiences. Thus, these 
abilities develop rapidly during childhood, usually peaking in adulthood and then decreasing with 
age. Crystallized abilities, in contrast, more depend on experiences. However, the biological 
foundation of human intelligence remains to be revealed. In this study, by utilizing the structural 
brain magnetic resonance imaging from a large sample of the Adolescent Brain Cognitive 
Development Study1, the largest cohort focusing in brain development and child healthy in the 
United States, we aim to identify the association between intelligence and cortical thickness in 
adolescents both from commonality and individuality.  
 
While generalized linear model continue to be extremely useful, the complexities often encountered 
in observed data and the possibilities opened by modern computing power ensure that there is a 
strong need now for even more flexible models. Modern requirements are for models which include 
random effects, non-parametric trends and non-homogeneous dispersion. Some researches have 
taken dispersion into account. Individual subjects in biological replicates engender additional 
variability over technical ones. The coefficient of dispersion or variance-to-mean ratio is a standard 
measure of additional variability due to biological variations2, 3, 4. It has been found to be 
advantageous in interpreting variability, free from potential finite-number effects due to varying 
abundances5, 6.  
 
ABCD Youth NIHTB-CB Summary Scores include two types of scores: age corrected scores and 
fully corrected T-Score. Age-corrected scores compare the score of the test-taker to others of the 
same age. For children, normative scores are provided separately for each year of age to consider 
expected developmental changes. These are presented as Standard Scores (mean=100, SD=15). 
Fully Corrected T-Scores (mean = 50, SD = 10) compare the score of the test-taker to those in the 
NIH Toolbox nationally representative normative sample, while adjusting for key demographic 
variables. These variables include age, gender, race/ethnicity and educational attainment (for ages 
3-17, parent’s education is used). All seven of the NIHTB-CB tests were included in this study. This 
resulted in two measures of crystallized abilities (the NIHTB Picture Vocabulary Test and Oral 
Reading Test), as well as five measures of fluid abilities: the NIHTB Dimensional Change Card 
Sort (DCCS) Test of Executive Function-Cognitive Flexibility, NIHTB Flanker Test of Executive 
Function- Inhibitory Control and Attention, NIHTB Picture Sequence Memory Test of Episodic 
Memory, NIHTB List Sorting Working Memory Test, and NIHTB Pattern Comparison Processing 
Speed Test.  
 
 Methods 
samples 
The 10,113 participants were recruited by the ABCD Study after quality control for neuroimaging 
data and behavioral tests with an age span between 107-132 months. In this study, we used the NIH 
Toolbox Cognition (NIHTB-CB) composite scores, which are highly related (r=0.89) with scores 
measured with WAIS-IV7. Next, we extracted cortical thickness according to the Destrieux atlas, 
which include 148 regions, using FreeSurfer 5.3.0. Multiple linear regression models were 
employed to model the relationship between brain cortical thickness and three cognition scores, 
separately. Although the age span is narrow, fluid intelligence is significantly correlated with age. 
Therefore, age, gender and site were considered as nuisance variables in the models.  
 
Statistical Analysis 
We modeled region of interested-based measures mean and dispersion using double generalized 
linear models, which iteratively fit a generalized linear model of the mean parameter and a second 
generalized linear model of the dispersion parameter on the deviance of the first model. age, sex 
and site were considered as nuisance variables in the models. To correct for multiple comparisons, 
false discovery rate (FDR) correction were employed8, brain regions with corrected p value less 
than 0.05 would survive and take as the regions of interest.   
 
GAM (Generalized additive Model9): In order to correct the data for site, age, sex effects, we ran 
generalized additive models on each ROI analyses using the following model: 
 𝑌 ~𝑠(𝐴𝑔𝑒) +  𝑆𝑒𝑥 +  𝑆𝑐𝑎𝑛𝑛𝑒𝑟. 
Where s(.) is a smooth function, estimated from the data. 
 
DGLM (Double Generalized Linear Model10): Modeling the dispersion is important for obtaining 
correct mean parameter estimates if dispersion varies as a function of the predictor, and also allows 
for systematic investigation into factors associated variability in observations. DGLMs where fitted 
using the following model specifications for both the mean and dispersion part:  
𝑌 ~ 𝐴𝑔𝑒 +  𝑆𝑒𝑥 +  𝐶𝑜𝑔𝑛𝑖𝑡𝑖𝑜𝑛 𝑆𝑐𝑜𝑟𝑒 
 
Cross-Validated Elastic Net Regression11: We used elastic net to test whether cortical thickness can 
predict different kind of intelligence across subjects. Elastic net enables data-driven regression 
analysis by enforcing sparsity of regression output values (i.e., reducing the number of final β 
regression values). In other word1s, it provides automatic variable selection by removing all 
independent variables not predicted dependent variable. 
we normalized all input data: 
?̅? =
𝑋 − 𝑚𝑒𝑎𝑛(𝑋)
max(𝑋) − min (𝑋)
 
This resulted in variables, x, with values between 0 and 1. The elastic net equation is then written 
as 
 
  
This is a doubly penalized regression model using both LASSO and Ridge regression. \alpha sets 
the degree of mixing between ridge regression and lasso. Meanwhile, \beta is the shrinkage 
parameter. when 𝛽 =0, no shrinkage is performed. 
 
 
Results 
Study samples 
Our study included 10,113 subjects after quality control for FreeSurfer v5.3.0 and remove subjects 
with lack cognitive score. The samples include 22 sites, sex, age and mean thickness information 
are listed in the Table1. We also analysis the correlation between different scores and covariables 
(eTable1 in Supplement). 
 
Mean model results Analysis 
Total intelligence was associated with thickness globally. Crystalized Intelligence are more 
associated with cortical thickness than fluid intelligence in adolescents (Figure2). Frontal regions 
(Superior frontal gyrus (F1, left t = -4.24, right t = -3.32), Middle frontal gyrus (F2, left t = -4.09, 
right t = -3.93) etc.) and pericallosal sulcus (left t = -4.51, right t = -3.84) thickness are negative 
with intelligence. Frontal regions (frontal-marginal gyrus, Orbital gyri, Superior frontal sulcus, 
inferior frontal sulcus) are positive with Intelligence. Temporal and parietal gyrus (especially central 
(t = 9.09)，postcentral sulcus (t = 8.45)) are positive with intelligence. Occipital gyrus (especially 
calcarine sulcus (t =10.31), medial occipito-temporal sulcus and lingual sulcus (t = 9.42), 
parahippocampal gyrus (t = 8.31) are significantly positive with crystallized intelligence (Figure 1, 
Figure2). 
 
Dispersion model results Analysis 
Fluid Intelligence are more negative associated with thickness dispersion than crystallized 
intelligence (Figure3). Crystallized intelligence is more associated with dispersion in left-hemi 
cortex regions, and fluid intelligence are more associated with dispersion in right-hemi cortex 
regions. Crystallized intelligence is associated with dispersion in left-hemi temporal pole (t = -3.08), 
Anterior transverse collateral sulcus (t = -3.41), Inferior occipital gyrus (O3) and sulcus (t = -3.06), 
Middle occipital sulcus and lunatus sulcus (t = -3.66), ACC (t = -3.19) and right-hemi ACC (t = -
4.12) and Parieto-occipital sulcus (t = -4.49). Fluid Intelligence are associated with dispersion in 
right-hemi temporal pole(t = -2.80), Superior temporal sulcus(t = -), Frontal-marginal gyrus (of 
Wernicke) and sulcus(t = -3.48), ACC(t = -3.76), Parieto-occipital sulcus(t = -3.82) , Superior 
occipital gyrus (O1, t = -3.76) , Superior parietal lobule(t = -), postcentral gyrus(t = -3.03) and left-
hemi intraparietal sulcus and transverse parietal sulci(t = -3.50), superior occipital sulcus 
and transverse occipital sulcus(t = -2.80), Lateral occipito-temporal sulcus(t = -3.43), Anterior 
transverse collateral sulcus(t = -3.20) and Suborbital sulcus(sulcus rostrales, supraorbital sulcus ,t = 
-2.63) (Figure 3, Figure4). 
 Cross-Validated Elastic Net Regression results 
We set the α value to 0.5 to take advantage of the relative strengths of the two above regression 
approaches, providing a no sparse solution with low variance among several correlated independent 
variables. The cortical thickness accounted for about 10% of the total variance of cognition total 
composite score age-corrected standard score. This 𝑅2 was significantly higher than expected due 
to chance (P <0.001, compared with 𝑅2 from 500 randomly generated elastic net regressions). And 
Age Corrected Scores generally perform better than Fully Corrected T-Score (Figure 5). 
 
Discussion 
We use ABCD data set around 11,000 samples cortical thickness and cognitive scores to analysis 
their association, both from mean and dispersion aspects. Using double generalized linear model, 
the mean model results is almost the same as generalized linear model, we found crystallized 
intelligence are more associated with cortical thickness than fluid intelligence in adolescents around 
10 years old.  And we found the frontal gyri regions thickness are negative with intelligence, which 
is consistent with previous study. May some study don’t have enough sample size, so the negative 
correlation is not significant. Researchers found that average children (I.Q. scores 83 to 108) reached 
a peak of cortical thickness at age 7 or 8. Highly intelligent children (121 to 149 in I.Q.) reached a 
peak thickness much later, at 13, followed by a more dynamic pruning process12. Temporal and 
parietal regions (especially central，postcentral sulcus) are positive with intelligence. Occipital 
gyrus (especially Calcarine sulcus, Medial occipito-temporal sulcus and lingual sulcus, 
parahippocampal gyrus) are significantly positive with crystallized intelligence. These findings led 
to the proposal of a Parieto-Frontal Integration Theory (P-FIT) of intelligence, according to which, 
sensory information is first processed by temporal and occipital areas for subsequent integration and 
abstraction in parietal areas13. The cortical thickness accounted for about 10% of the total variance 
of cognition total composite score age-corrected standard score using Elastic Net Regression. 
 
Parieto-occipital sulcus and Anterior part of the cingulate gyrus and sulcus (ACC) are more 
associated with dispersion of intelligence, which is concordant with their function. According to P-
FIT model, major genetic contributions to intellectual functioning associated with dorsolateral, 
linguistic, and parieto-occipital association gray matter volume13. The ACC is part of different brain 
networks and is important for emotion regulation and cognitive processes. It plays a role in self-
monitoring and in significance processing14. 
 
Higher total intelligence appears to be associated with decreased interindividual differences in brain 
structure, possibly reflecting higher IQ population are more similarity in brain structure than lower 
IQ population. The correlation of the cerebral cortex thickness and crystallized and fluid intelligence 
in dispersion model reflects the asymmetry of left and right hemispheres: crystallized intelligence 
is associated with dispersion in the left hemisphere regions; the fluid intelligence is associated with 
dispersion in right hemisphere Regions. This phenomenon may reflect that crystallized and fluid 
intelligence can be studied from another perspective using the DGLM model. 
 
Conclusion 
Ongoing efforts are attempting to account for brain cognitive function and brain morphology. 
Herein we report that intelligence appears to be associated with widespread increased mean 
differences and decreased heterogeneity in cortical thickness. The results seem to support the notion 
that cognitive function has high heterogeneity. Higher cognitive abilities have lower heterogeneity, 
and lower cognitive abilities has higher heterogeneity. Together these findings warrant future 
longitudinal studies that cortical thickness contributing to neurobiological heterogeneity. 
 
Table 1. Demographic and background characteristics of ABCD samples among 22 sites 
Site Count Sex Age [SD] Mean Thickness [SD] 
1 319 0.5 121.6 [8.7] 2.8 [0.10] 
2 515 0.5 125.1 [9.4] 2.8 [0.08] 
3 577 0.5 121.5 [9.2] 2.8 [0.08] 
4 626 0.5 121.9 [9.9] 2.7 [0.10] 
5 356 0.5 121.5 [8.5] 2.8 [0.09] 
6 507 0.5 123.3 [8.9] 2.8 [0.09] 
7 315 0.5 119.8 [7.9] 2.8 [0.09] 
8 249 0.5 123.4 [9.5] 2.7 [0.08] 
9 383 0.5 122.7 [8.8] 2.8 [0.09] 
10 598 0.5 123.0 [9.9] 2.7 [0.09] 
11 432 0.5 120.1 [9.1] 2.8 [0.09] 
12 559 0.5 120.5 [8.4] 2.8 [0.09] 
13 509 0.5 121.0 [8.8] 2.7 [0.10] 
14 527 0.5 126.7 [9.3] 2.8 [0.09] 
15 322 0.5 122.1 [9.0] 2.8 [0.10] 
16 987 0.4 122.8 [10.0] 2.8 [0.08] 
17 464 0.5 122.0 [9.8] 2.8 [0.10] 
18 301 0.5 123.2 [8.8] 2.7 [0.10] 
19 404 0.5 125.4 [9.0] 2.8 [0.11] 
20 637 0.5 124.9 [8.1] 2.8 [0.09] 
21 510 0.4 123.0 [9.4] 2.8 [0.09] 
22 16 0.6 123.7 [6.6] 2.7 [0.11] 
 
 Fig1. The mean(general) correlation between the three intelligence indicators and region thickness 
of cortical regions based on Destrieux atlas. 
Fig 2. The mean model results of regions of interest, which the cortical thickness significantly 
correlation with total, crystallized and fluid intelligence. Cortical regions of interest are overlaid 
on the average brain inflated cortical surface template and labeled with the Destrieux atlas. 
 
Fig 3. The dispersion model results of regions of interest, which the cortical thickness 
significantly correlation with total, crystallized and fluid intelligence. Cortical regions of 
interest are overlaid on the average brain inflated cortical surface template and labeled with the 
Destrieux atlas. 
 
Fig4. The dispersion correlation between the three intelligence scores and cortical thickness of ROI 
based on Destrieux atlas. 
 
 Fig5. Scatterplots between elastic net predicted and normalized intelligence scores (y axes) and 
original normalized values (x axes). Each dot is a single sample, and dashed lines denote the best 
linear fit between predicted and normalized intelligence scores. 
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